One Sentence Summary: High-resolution flow cytometry combined with single-cell RNA sequencing reveal a role for intra-lineage plasticity and functional reprogramming in maintaining phenotypically and functionally diverse NK cell repertoires during IL-15-driven homeostatic proliferation. 
Introduction
Since their discovery in the early 1970s, our view of natural killer (NK) cells has developed from a uniform and short-lived cell population to a group of effectors vastly diverse in terms of phenotype, functionality and life span 1 . Mapping of NK cell subset diversity at the single cell level by mass cytometry revealed that there are more than 10 5 unique NK cell subsets in the adult human 2 . Much of this diversity results from stochastic expression of killer cell immunoglobulinlike receptors (KIR), but several other heterogeneously expressed activating and inhibitory receptors contribute to the intra and inter-donor diversity of the NK cell repertoire 3 .
The extreme ends of the NK cell differentiation spectrum are well defined, the naïve end consisting of CD56 bright NK cells and the mature, terminally differentiated end consisting of CD56 dim adaptive, memory-like NK cells [4] [5] [6] . CD56 bright NK cells are highly responsive to cytokine stimulation and have an immunoregulatory role, while CD56 dim NK cells favor receptor ligation input with their function being geared towards cytotoxicity 7 . The CD56 dim NK cell subset exhibits large variation in both functionality and phenotype, which can be placed on a spectrum of maturation defined by the expression of key HLA class I binding receptors NKG2A and KIR, as well as CD57, a marker of terminal differentiation 8 . The inhibitory NKG2A receptor is expressed on CD56 bright and immature CD56 dim NK cells, which can further differentiate by acquiring KIR expression, losing NKG2A expression and acquiring CD57 8 . This, however, is not a strict maturation scheme, as any combination of the above receptors can exist. Nevertheless, phenotyping based on these receptors has served as a useful tool for grouping NK cells based on their functional, metabolic and proliferative ability, as well as their longevity 7, 9 . Mouse studies identified critical roles for T-bet and Eomes in the transition from CD27b + CD11b -to CD27 -CD11b + cells, but the intracellular signaling pathways leading to activation of these transcription factors are still not understood 10, 11 . Collin et al., described transcriptional differences between three functional distinct human NK cell subsets (CD56 bright , CD57 -CD56 dim , CD57 + CD56 dim ) and identified subset specific transcriptional regulators which were shared with the T cell lineage and thus evolutionarily conserved 12 . However, the molecular programs involved in maintaining NK cell repertoire diversity under homeostatic conditions remains elusive.
IL-15 has been identified as the main player in maintaining NK cell homeostasis due to its vital role in survival, development and proliferation 11, 13, 14 . activating the transcription factor STAT5. However, the mammalian target of rapamycin (mTOR)
can also be activated via IL-15 signaling in a dose-dependent manner 15 . This serine/threonine kinase can form two protein complexes: mTOR complex 1 (mTORC1), which senses nutrients such as glucose and amino acids in the microenvironment, and mTOR complex 2 (mTORC2), which aids in controlling the cytoskeletal organization in the cell 16 . Due to its nutrient sensing ability, mTORC1 controls NK cell metabolism and modifies it accordingly in a process termed metabolic reprogramming. In murine NK cells, mTORC1 activation mediated increased effector function via Granzyme B and IFNγ production by shifting from predominantly oxidative phosphorylation to glycolysis [16] [17] [18] [19] . Although mTORC2 has been shown to be sustained by IL-15 induced mTORC1 activation, mTORC2 activation results in a negative feedback loop suppressing mTORC1 induced effector functions by reducing SLC7A5 expression in mice 20 . In humans, the role of mTOR in maintaining homeostasis and as a master regulator for proliferation, education and effector function still needs further investigation.
In humans, the diverse and unique NK cell pool within individuals is well-maintained over time 21 . This stability in receptor repertoires combined with the rapid turnover of NK cells 22 hints at the important role proliferation plays in replenishing the NK cell pool at steady state. The question arises if this observed stability during homeostatic proliferation is the result of selfrenewal from an immature pool of progenitor cells followed by differentiation or arises due to plasticity within the NK cell subsets.
Intra-lineage cell plasticity, also known as functional plasticity, is the term describing phenotypic and functional changes occurring within a given cell lineage 23 . Functional plasticity is an adaptation of the immune system to its surroundings, for examples transition between M1 and M2 phenotypes in macrophages, transition between ILC1, ILC2 and ILC3 or transition between CD4 T helper cells and induced T regulatory cells. Functional plasticity is the result of cytokine or receptor input and is translated into transcriptional changes resulting in modified functionality 24 .
NK cell plasticity has largely been unexplored, with the exception of TGFb-induced NK cell conversion into intermediate ILC1-like cells 25 .
In this study, we show that NK cell repertoire diversity is maintained during IL-15-driven homeostatic proliferation through a combination of mTOR-dependent hierarchy in proliferation capacity and a substantial degree of intra-lineage plasticity. Subset plasticity at the phenotypic level is tightly linked to the functional fate of the cell and associated with upregulation of distinct transcriptional programs that define the acquired phenotype. These results provide new insights into the cellular and molecular programs involved in regulating NK cell homeostasis at the single cell level.
Results

Subset specific proliferation kinetics
We set out to study the cellular and molecular events associated with the shift from a quiescent to a proliferative state during homeostatic proliferation in NK cells. To this end we stimulated purified primary human NK cells with 5ng/mL of IL-15 daily, monitored the onset of proliferation and tracked subsequent cell divisions using a proliferation dye. At the population level, cell division began on day 3 and followed a linear path, with roughly one cell division per day ( Fig.   1A -B). Slight variation between donors in terms of proliferation and subset distribution was observed ( fig. S1 ). We have previously identified a hierarchy in the proliferative response determined by NK cell differentiation defined through expression patterns of NKG2A, KIR and CD57 8 . Therefore, we stratified the analysis of NK cell proliferation kinetics according to differentiation status into 8 distinct subsets based on the expression of NKG2A, KIR and CD57.
CD57 expression had the strongest impact on proliferation speed, resulting in a slightly delayed onset, slower subsequent cell divisions and a low proliferation index ( Fig. 1C-D) . Notably,
NKG2A
-KIR + NK cells proliferated more slowly than NKG2A -KIR -NK cells, independent of CD57 expression (Fig. 1C-D) . Importantly, however, irrespective of subset-specific differences in proliferation kinetics, the global NK cell repertoires remained largely stable during the one-week time frame in this experimental set up (Fig. 1E) . Thus, this in vitro model allowed us to tease apart subset-specific behavior under conditions that mimic natural NK cell repertoire homeostasis.
mTOR activation determines proliferation kinetics
Given that mTOR has been implicated in NK cell proliferation 15 , we first examined the relationship between mTOR activation and proliferation kinetics. A downstream target of mTORC1 is the ribosomal protein S6 (pS6) which becomes phosphorylated upon mTORC1 activation 15 . We observed an increase in pS6 expression with each additional cell division when comparing different generations in actively cycling cells (day 5) ( Fig. 2A-B) . Inhibiting mTORC1 in proliferating cells resulted in a decrease in both pS6 and Ki-67 MFI ( fig. S2A-B) . When looking at the fold change in pS6 expression in bulk NK cells across different days, we observed donor specific upregulation prior to any cell division taking place (day 2) (Fig. 2C) . The fold change in pS6 correlated positively with the number of cells having divided on day 3 and followed a similar trend for days 4-5 (Fig. 2C ). Early pS6 upregulation was a predictive marker for NK cell proliferation potential in individual donors, as the fold change on day 2 correlated with the percent of cells having divided on day 5 (Fig. 2D ).
Next, we sampled the same six individuals monthly over a three-month period. We observed a large variation in pS6 fold change in response to IL-15 stimulation among subsets (Fig. 2E ).
These results prompted us to dissect the role of subset distribution in determining proliferation Fig. 2F) . Notably, subset distribution at baseline and pS6 fold change on day 2 were both stable within individuals over time, illustrated by the clustering of serial data-points originating from the same individual (Fig. 2F) . Furthermore, baseline percentages of NKG2A + KIR -CD57 -and NKG2A -KIR -CD57 + cells correlated positively or negatively, respectively, with the degree of proliferation observed for the total NK cell population on day 5 (Fig. 2G) . Hence, the subset distribution in a given donor correlated with overall pS6 upregulation in that same donor, which in turn correlated with the degree of proliferation at the population level.
A large inter-donor variation in pS6 upregulation was also noted within the NKG2A + KIR -CD57 -subset, which exhibited the highest fold change in pS6 expression (Fig 2E) . Intriguingly, the fold change in pS6 upregulation in the NKG2A + KIR -CD57 -subset prior to proliferation (day 2) correlated positively with subsequent proliferation of all NK cells in that donor (day 5) (Fig.   2H ). Therefore, the donor variation in proliferative capacity at a global level is determined in part by the subset composition at baseline and in part by a donor-dependent metabolic set point determining the level of mTOR activation in response to IL-15 stimulation.
IL-15-induced intra-lineage plasticity
Despite distinct differences in proliferation kinetics and pS6 upregulation between NK cell subsets ( Fig. 1D, 2E ), the subset frequencies were largely retained at the population level (Fig. 1E) (Fig. 3A) . Phenotypic stratification of the sorted subsets on day 6 showed a remarkable amount of plasticity, particularly in the NKG2A -KIR + CD57 -subset, with the most common phenotypic changes being acquisition of NKG2A or CD57 (Fig. 3B ). Acquisition of KIR2DL1 or KIR2DL3 expression was less frequent and only occurred in a low percentage of the cells (Fig. 3B ).
To determine if the observed plasticity was dependent on the degree of proliferation, we used tSNE analysis to visualize the phenotypic consequences of IL-15 driven plasticity at the generation level ( fig. S3 ). The population map, based on the expression of phenotypic and functional markers, phenotype. High proliferation rate was associated with NKG2A expression while slow proliferation rate was associated with CD57 expression, both within an individual subset ( Fig. 3C) and at the population level ( fig. S3 ). Although proliferation impacted the acquired phenotype, the overall degree of plasticity was independent of proliferation, as the size of the original phenotypic subset (NKG2A -KIR + CD57 -) was similar in both groups on day 6 (Fig. 3C ).
Thus, IL-15-induced plasticity was evident in NK cells across the differentiation spectrum and contributed to the maintenance of repertoire diversity at the population level.
The acquired phenotype determines functional responses
NK cell differentiation is associated with changes in functional potential 9 . Therefore, we posed the In NK cells, the functional potential is tuned by a processed termed education, where interactions between self-MHC class I ligands and inhibitory receptors are translated into increased effector potential 7 . As functionality was decreased in rapidly cycling NK cells, we wanted to investigate the KIR repertoire during proliferation and examine whether education was inherited in the progeny. t-SNE analysis of the three major inhibitory KIR receptors revealed a narrowing of the KIR repertoire in rapidly cycling cells that mainly expressed one single KIR, while slowly cycling cells were more likely to express multiple KIRs per cell ( fig. S4A-B) . The education status, determined by the level of degranulation in self and non-self KIR + NK cells in response to target cell stimulation, was inherited in rapidly cycling cells albeit less pronounced compared to slowly cycling cells (Fig. 4F ).
These data demonstrate that the loss of functionality observed in rapidly cycling NK cells was mainly related to the induced naïve NKG2A + phenotype compared to the induced mature CD57 + phenotype in slowly cycling cells. Hence, the cell's acquired phenotype, and not its origin, determined its functional capabilities in terms of cytotoxicity and proliferation.
IL-15 induced transcriptional reprogramming
In order to identify the transcriptional programs associated with the observed phenotypic and functional plasticity we performed single-cell RNA sequencing using sorted NKG2A To exclude that the differences in proliferation kinetics were due to differential expression of genes involved in cell cycle progression, we clustered all 7556 cells on the expression of 158 cell cycle checkpoint genes and 94 cell cycle genes in our day 6 dataset. Given that the majority of the cells were actively proliferating, t-SNE clustering of NK cells was heavily biased towards cell cycle phase (Fig. 5A) . Notably, we found no differences in expression of these cell cycle related genes or checkpoints between slowly and rapidly cycling cells, which were equally distributed in all phases of the cell cycle ( fig. S6A-B) . As a control, the same set of genes clearly clustered with the stage of the cell cycle ( fig. S6A-B) . By comparing clusters that differed in cycling speed, but not in cell cycle phase, we could extract differentially expressed genes (DEG) and omit the influence of cell cycle genes. Consequently, we identified 209 DEGs between cluster 2 and 3 (G1 phase) and 617 DEGs between cluster 6 and 8 (G2/M phase), with 130 of these genes being differentially expressed in both phases (Fig. 5B) . When the 130 genes were ordered based on the degree of differential expression within each cell cycle phase, we observed a complete overlap in the order of the genes regardless of cell cycle phase analyzed (Fig. 5C ).
To address whether the IL-15 induced subset plasticity was associated with transcriptional reprogramming we first identified genes that were differentially expressed between mature 5D and fig. S6C ). Next, we compared the 130 DEG of the induced subsets (day 6) with the 295 DEG between the corresponding subsets at baseline and identified 51 overlapping genes (Fig. 5E ). Of these 51 differentially expressed genes, 38 were upregulated in slowly cycling cells and only 13 in rapidly cycling cells (Fig. 5F ). 84% of the slowly cycling gene signature was shared with the mature NKG2A -selfKIR + CD57 + signature at baseline, while 54% of the rapidly cycling gene signature was shared with the naïve NKG2A + KIR -CD57 -signature at baseline (Fig. 5F ). Hence, IL-15-driven intra-lineage plasticity and the associated shift in functional responses was associated with transcriptional reprogramming towards the baseline signature of NK cells with the acquired phenotype.
Cytokine-versus receptor-driven biological programs
Although the functional potential of NK cells at different differentiation stages is well documented, the transcriptional signatures mediating these functionalities are not as well defined. Pathway analysis of the 130 DEGs showed a clear difference in potential upstream regulators between slowly and rapidly cycling cells (Table 1) We applied Gene Ontology's gene over-representation analysis, looking at molecular function, biological processes and pathways significantly different between slowly and rapidly cycling cells (Fig. 6 ). The common theme for slowly cycling cells was receptor-based interactions leading to increased cytotoxicity, as shown by antigen presentation, DAP12 signaling, IFN signaling, calcium homeostasis and the endosome/vacuolar pathway. Genes that highly contributed to these pathways were the MHC class I molecules (HLA-A/B/C/E/F), while B2M and CD16 (FCGR3A) also moderately contributed. In contrast, rapidly cycling cells were associated with increased cytokine activity and signaling as well as increased metabolic activity (glycolysis, gluconeogenesis).
Our findings revealed stark differences in the molecular signature of slowly and rapidly cycling cells, hinting at increased metabolism and activation leading to cytokine dependence in 40, 42 . Similarly, PKM2, one of two transcripts of PKM, can activate mTORC1 by phosphorylating another inhibitor AKT1S1, which could account for increased mTORC1 activation in rapidly cycling cells 43 . GPI, yet another glycolytic enzyme, has been shown to promote growth, increase motility of fibroblasts in a tumor setting, and can be inhibited by the insulin growth factor binding protein 3 (IGFBP3) 40 . 
Materials and Methods
Cell processing and proliferation protocol
Using Visualization plots for proliferation (Fig. 1B-C , E) and plasticity (Fig. 3B) were created using RAW Graphs 57 .
Flow cytometry
Cells were harvested and stained in 96 V-bottom plates using the following fluorochrome conjugated antibodies (clone names in brackets): CD107a-AF700 or PE-Cy5 (H4A3), CD14-V500 (MφP9), CD19-V500 (HIB19), CD3-V500 (UCHT1), CD57-BV605 (NK-1), Granzyme B-AF700 (GB11) from Beckton Dickinson; CD158a,h-PE-Cy7 (EB6B), CD158b1/b2,j-PE-Cy5. To minimize variation for daily readouts over the course of one week, CS&T beads (BD Bioscience) and application settings in FACS DIVA were used to eliminate daily fluctuations in the LSR-Fortessa. Additional controls included usage of a reference sample, consisting of a buffy coat frozen in small aliquots which was thawed and stained for each experimental readout. Values were then adjusted based on the reference values which were normalized over the days.
Fold change of pS6 expression on a particular day was calculated by comparing the observed expression to baseline expression at day 0. Expansion index, the overall fold expansion of the culture, was calculated based on the CTV dilution using the Proliferation tool in FlowJo.
t-distributed Stochastic Neighbor Embedding (t-SNE) analysis was performed using the Rtsne package (http://cran.r-project.org/package=Rtsne) in R version 3.1.0. Events from one representative donor were divided into generations by manual gating on CTV in FlowJo version 9. Then, 20 000 events were randomly sampled from each generation and data was pooled and arcsinh transformed using cofactor 150. The t-SNE calculations were based on the markers NKG2A, CD57, CD16, KIR2DL1, KIR2DL1/S1, KIR2DL3, KIR2DL2/S2/L3, KIR3DL1, Granzyme B and pS6. Plots were generated using FlowJo or the ggplot2 R package (http://ggplot2.org) and red borders were added using Photoshop CS6 (Adobe). "nKIR" values were generated based on manual gating of KIR2DL1, KIR2DL3 and KIR3DL1 in FlowJo.
Functional assays
Cells were harvested, counted and seeded at an effector:target ratio of 1:1 in complete RPMI Post incubation, the cells were surface stained (CD3-PC5, CD56-ECD, DCM Aqua) followed by fixation.
Inhibitor experiments
After 4 days of stimulation in 5ng/mL of IL-15, cells were treated either with DMSO, Rapamycin (25 or 50 nM; Sigma) or Torin1 (125 or 250 nM; Apexbio) in the presence of continued IL-15.
After 48h of treatment, cells were harvest and stained for flow cytometry analysis.
Single-cell RNA sequencing
PBMCs from healthy blood donors were screened to determine the educated KIR subset. PBMC were isolated using density gradient centrifugation, followed by NK cell isolation using the DepleteS program on the AutoMACS (Miltenyi Biotec). Isolated NK cells were labelled using 1μM CTV and rested overnight in complete RPMI medium (10% Fetal calf serum, 2mM Lglutamine). CTV-labelled NK cells were stained with the sorting panel and two populations
were sorted for single-cell RNA sequencing while a third population (CD56 dim NKG2A -nonselfKIR -selfKIR + CD57 -) was sorted for culture. Cell sorting was performed at 4°C using a were generated following the recommended protocol. Sequencing was performed on a NextSeq500 (Illumina) with 5~ % PhiX as spike-inn. Sequencing raw data were converted into fastq files by running the Illumina`s bcl2fastq v2.
Bioinformatics analysis of single-cell data
The processed 10x files were analyzed in R using the Seurat package. The samples for each time point were merged into one Seurat object (2 samples (1 donor) at baseline, 4 samples (2 donors) at day 6) with retention of the original sample and donor ID. Quality control was performed to remove potential multiplets and to remove outliers based on nUMI and nGene expression. In total 5652 cells passed the quality control phase for the baseline samples and 7556 cells passed the quality control phase for the day 6 samples.
The data was then normalized using a scale factor of 10,000. Next, variable genes were detected using a low x and y cutoff of 0.125 and 0.5 respectively. The dataset was then scaled and regressed on nUMI and nGene. Linear dimensionality reduction was performed using Principle Component Analysis (PCA) on variable genes and the statistically significant principle components (PCs) were determined using both JackStraw and Elbow plots. Using the statistically significant PCs, the cells were clustered using a resolution of 0.9 and visualized using tSNE. Cell cycle scoring was performed using the expression of 94 cell cycle genes. Differentially expressed genes (log(fold change) > 1.2) were then calculated between individual chosen clusters based on sample ID (subset or cycling speed) and cell cycle scoring (cell cycle phase). Heatmaps were used to visualize scaled expression of the differentially expressed genes ordered by log2(fold change) in the selected clusters. Clustered heatmaps were used to visualize similarity between cells (annotated by sample ID and cell cycle scoring) in terms of their expression of a given gene set.
Using gene over-expression analysis (Gene Ontology, PANTHER) of the 130 differentially expressed genes at day 6, statistically significantly differences in terms of molecular function, biological processes and pathways were determined. Lastly, using the same 130 differentially expressed genes upstream regulators were determined using Ingenuity Pathway Analysis (Qiagen).
Statistical analysis
Significance was calculated using either a Wilcoxon signed rank test or when comparing more than 3 groups, a Friedman test followed by Dunn's multiple comparisons test. Linear regression analysis was performed followed by a Spearman r test to determine significance for correlations.
p-values: * <0.05, ** <0.01, *** < 0.001, **** <0.0001. Analysis was performed using GraphPad Prism 6 software. rapidly cycling (Generation 2+) cells. n = 2. Significance was calculated using Fisher's Exact test followed by false discovery rate correction of the p-value. A negative log10 value of the false discovery rate adjusted p-value > 1.3 is deemed significant. 
Slowly cycling
Rapidly cycling
